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ABSTRACT 
Timely decision making is critical in today’s competitive business world and in recent times, data 
warehousing has been employed by numerous companies to satisfy the needs of accurate and timely 
information. Data warehousing has traditionally been employed for financial and customer 
relationship analysis with current applications now moving to other domains, such as the medical and 
power industries. The asset management industry is one that has seen great strides in recent years due 
to improved technology, but data warehousing of asset management information has been lacking. A 
literature review was undertaken to determine data warehousing applications in the area of asset 
management, and with the lessons learned, a conceptual model of data warehousing for asset 
management is proposed. The water utility industry is chosen to provide a grounded example of an 
enterprise data warehouse model that integrates data from various local information systems. The 
particular issues faced in the asset management domain are highlighted, and several water utility 
applications are presented. 
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1. Introduction 
Decision support systems often form the core IT infrastructure in a business because they give 
companies a way of turning knowledge into tangible results. The amount of data available in 
companies is often overwhelming, and collecting, maintaining and analysing the data requires 
significant organisational commitment. Many companies have turned to data warehousing to bridge 
the gap of turning data into knowledge. The data warehouse then forms the backbone for informational 
requirements to the decision support system. 
A data warehouse serves as an information management solution that integrates information across 
domains, organisations, applications, and other barriers. It serves as a conduit of accurate and timely 
information for analysis tools. In effect, it supports decision support systems. Physically, a data 
warehouse is a data repository devoted to analytical processing, as opposed to an online transaction 
processing (OLTP) database. 
There have been several applications of data warehousing in engineering asset management firms. The 
term asset management is broad, and its activities are undertaken by a broad spectrum of firms. One 
common definition of asset management is “the systematic and coordinated activities and practices 
through which an organization optimally manages its physical assets and their associated performance, 
risks and expenditures over their lifecycles for the purpose of achieving its organizational strategic 
plan” (British Standards, 2003). The water utility industry is one that faces numerous asset 
management issues due to their large inventories of different asset types. Water utilities own a plethora 
of diverse assets, ranging from mechanical equipment (e.g. bearings and impellers) to electrical 
equipment (e.g. motors and high voltage equipment) to civil infrastructure (e.g. dams and pipelines). 
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One of the recent pressing issues that the Australian water utility industry is facing is the shortage of 
water. Asset managers are being forced to make critical decisions about the efficiency and 
effectiveness of their practices in order to appease public demand of water. 
A review of research into asset management data warehousing showed that the asset lifecycle data 
collected by water utilities is underutilised. We therefore propose a conceptual data warehouse model 
that will cater for the asset management decision making information requirements at the different 
stages of the asset lifecycle. This paper investigates the use of data warehousing of whole of asset 
lifecycle information, and proposes a conceptual model that examines different asset management 
issues that arise during the data warehouse lifecycle. 
2. Existing Asset Management Data Warehousing 
2.1. In The Water Utility Industry 
Little scholarly research exists that describe the use data warehousing for asset management, and even 
less for the water utility industry. When data warehousing and the water utility industry do merge, the 
associated articles are anecdotal and detail the success stories behind a certain provider or product.
Such is the case for the following articles. 
Hyperion Solutions (2003) published a report of a data warehousing success story about Yorkshire 
Water in the United Kingdom. PricewaterhouseCoopers had developed a capital management system 
using Hyperion Intelligence for Yorkshire Water. Another Hyperion product was used for financial 
management of Thames Water (Hyperion Solutions, 2001). More recently, Thames Water 
implemented Informatica PowerCenter to help with maintenance decision making (Informatica, 2005). 
Denver Water implemented a Cognos data warehouse system, which similarly provided support for 
financial management (Cognos, 2003). Dee Valley Water, also located in the UK, commissioned 
MWH to develop an integration program, with a data warehouse being the central aspect of the system 
(MWH, 2004). The system was developed only for customer relationship management. Acuma built 
an asset management data warehouse for another water utility company, but did not give an indication 
on the content or types of decisions supported (Acuma, 2004). Columbus Water Works created a data 
warehouse that linked their HR (Human Resource), CMMS (Computerised Maintenance Management 
System), CRM (Customer Relationship Management), GIS (Geographical Information System), and 
financial system for reporting (Association of Metropolitan Water Agencies, 2001). 
Oracle Corporation (2005) published a report of Yarra Valley Water about overhauling their ailing 
data infrastructure. Their renewed design included a data warehouse and asset maintenance was aided 
due to more effective integration in providing flexibility to transfer data across maintenance systems. 
A future plan was to integrate repairs scheduling with spatial and geographic information. 
Applied Data Resource Management (2004) published a set of data models for various industries. 
These data models included enterprise models, business area models, data warehouse models, and data 
mart models. Among other industries, ADRM developed a data environment for water utilities. 
However, the scope of the models only included services, metering, water quality and testing, billing, 
customer service, facilities, incident reporting, and distribution systems. 
In conclusion, while there are several published reports of data warehousing being utilised by the 
water utility industry, most fall short of implementing systems that deal with asset management 
decisions. For those that do, the scope of the asset management component is small, and leaves a 
significant gap for a structured approach to the improved integration of different asset lifecycle areas. 
2.2. In Other Industries 
Providing an exhaustive list of asset management data warehousing instances in other industries would 
not be constructive as references are numerous. The term ‘data warehousing’ is a general term for the 
integration of multiple data sources and is used liberally, with most research never discussing the data 
warehouse itself or the issues faced. The papers cited below are select examples of where data 
warehouses made more than a passing mention. 
Werner & Hermansson (2002) proposed characteristics of a power utility data warehouse. The data 
warehouse would act both as an online historian (handling SCADA data), and as a general data 
warehouse for decision support (handling customer and asset management information). The 
fundamental design considerations included compression due huge amounts of stored SCADA data, 
and also increasing I/O performance through buffering and indexing. 
Shi, Lee, Duan & Wu (2001) also discussed issues in data warehousing of power utilities and focused 
on high level design of SCADA, EMS and DMS systems.
Dong, Liu, LoPinto, Scheibe & Sheetz (2002) developed an information model for power equipment 
diagnosis and maintenance. The modelled information included equipment and its components, 
diagnostic test data, failure case information, documentation, and diagnostic activities. It built upon 
the Common Information Model and its intent was to share data between applications or other utilities. 
A conceptual digital library for power equipment diagnosis and maintenance was discussed to validate 
the information model. 
Calvanese, Dragone, Nardi, Rosati & Trisolini (2005) discussed a data warehouse design that was 
implemented by Telecom Italia. The data warehouse dealt with customer details, and only nominally 
touched on the area of maintenance by having a link between a Customer entity and a Maintenance 
Contract entity. 
Operating history, maintenance history, and software and hardware configuration data were passed to 
an enterprise data warehouse in a military system (Keeney & Rhoads, 2004). The system contained 
embedded sensors that could provide diagnostic and prognostic data to personnel to improve support, 
increase readiness, and reduce life cycle cost of assets. 
From cursory glance at existing asset management data warehousing, it appears that current data 
warehouse implementations focus only upon one or two asset management areas. Particularly for the 
water utility industry, there is scope for a data warehouse model that encompasses data from each 
stage of the asset lifecycle. By effectively integrating asset management data, data analysis for 
decision support can take on new forms. 
3. A Conceptual Asset Management Data Warehouse Model 
There are several stages involved in data warehousing, and to provide as a comprehensive reference, 
the proposal has been divided into the main stages of a data warehouse lifecycle. While there is 
contention on what elements should constitute the data warehouse lifecycle, most proposals (Golfarelli 
& Rizzi, 1998; Kimball, Reeves, Ross & Thornthwaite, 1998; Ostling & Cintron-Allen, 2001) follow 
the typical Systems Development Life Cycle (SDLC) where the requirements are firstly specified, 
followed by various design levels, implementation and testing, and then maintenance. The similarity 
between each method is indicative of the proven methodology of the SDLC, which will be used to 
structure the conceptual model below. For each stage, the relevance for asset management data 
warehousing is discussed. However, as it is often impractical to determine all business requirements a 
priori, a spiral approach such as prototyping should be incorporated. 
3.1. Project planning 
Project planning involve stages such as assessing the readiness of the firm for a data warehouse 
project, justifying the benefits and costs and obtaining support from management, developing the 
scope of the project, and creating roles and responsibilities for development and support staff. There 
must be strong support from management, and ownership from the organisation starting from the 
inception phase of the data warehouse project. It is recommended that there be facilities to acquire 
early and on-going feedback from users to address user needs. 
Our industry surveys have shown that operators at regional locations collect asset condition and work 
order data which is sent back to the central office for analysis (or in many cases, remains unanalysed). 
However, the importance of data collection is not explained to operators, and consequently data 
quality is plagued with inaccurate, distorted, or missing values. Fostering ownership from all levels of 
an enterprise is therefore important for the success of the project. 
3.2. Requirements analysis 
A data warehouse allows the storage, analysis, accessibility, and reporting of cross-subject data. The 
data can potentially be accessible across the organisation, and not limited to one individual’s desktop. 
Hence it becomes important to identify the users of the data, and the use of the data. This is best 
identified by examining what asset management decisions are made in the firm. Asset management is 
multidisciplinary and spans not only over typical engineering activities such as the commonly 
associated operations and maintenance, but also over financial, human resource, legal, and information 
systems domains. Identifying and examining the asset management decisions and supporting business 
processes provides an indication on the contents of the warehouse. The development of a data 
warehouse bus matrix (Kimball, 1999) helps identify the business processes, granularity, facts, and 
dimensions that should be included. The Goal/Question/Metrics paradigm (Basili, Caldiera & 
Rombach, 1994) can be used to quantitatively identify user expectations to refine the warehouse. 
Some likely core asset management process areas are identified in Figure 1. They cover typical asset 
management processes such as condition, financial, inventory, location, operation, registry, reliability, 
and work management. While these areas are not the complete spectrum of asset management 
processes, and there is overlap between areas, the areas cover the majority of data that is captured by 
OLTP asset management systems. Within these areas, the asset management decisions need 
identification to consequently identify decision data requirements. Pudney (2005) produced a 
comprehensive taxonomy of common asset management decisions and their data requirements. 
Understanding the firm’s business processes is a solid foundation for developing the requirements of 
the data warehouse system. However, the data warehouse is dependent on data, and hence the 
underlying OLTP systems must be storing the appropriate data. A modification of the data 
management business processes may be required to ensure that quality data is collected. Additionally, 
there are many instances where processes have been dependent on tacit knowledge rather that codified 
data; for example, where asset operators who have worked at a site for a long period and know the 
inner workings of an asset. In these cases, processes should be developed that will capture this 
valuable knowledge electronically. 
3.3. Architecture Design  
In a typical organisation, there are a number of different information systems on assorted platforms 
that are used by various groups. In the utility industry, IT infrastructure has to contend with additional 
dispersed systems due to remote offices and stations. Water utility firms often have a hierarchical 
management structure, with a central office, regional offices, and remote pump stations. As seen in 
Figure 1, the proposed architecture follows this management structure by utilising multiple data marts 
to provide local analysis for regional offices. Data marts are a subset of the data warehouse, supporting 
specific business requirements of an organisational group (Bonifati, Cattaneo, Ceri, Fuggetta & 
Paraboschi, 2001). Data is pushed to the offices by a central data warehouse. Data from individual 
source operational systems go through Extraction, Transformation, and Loading (ETL) processes and 
are kept in an Operational Data Store (ODS) before being loaded into the enterprise data warehouse. 
The reasoning behind such an architecture is twofold: 
1. The operational and tactical decisions made at regional offices, such as operations scheduling and 
maintenance, are critically different to the strategic decisions, such as maintenance budgeting and 
water planning, made at the central office. Hence a tailored data mart scheme provides optimised 
decision support for target users. 
2. Regional offices and pump stations are often situated in remote locations where persistent 
broadband services may not be available, or where communications of data is expensive. For the 
enterprise data warehouse to contain a ‘snapshot’ of the data in the firm, local data staging areas 
will conduct the ETL stage with the data from local operational systems. 
The enterprise data warehouse does not solely contain asset management information, but combines 
other traditional data warehousing areas in a holistic enterprise information repository. 
3.4. Schema Design 
Schema modelling is a contentious issue in data warehousing with numerous techniques (Golfarelli, 
Maio & Rizzi, 1998; Pedersen & Jensen, 1999; Trujillo & Palomar, 1998; Tryfona, Busborg & 
Christiansen, 1999) being proposed. In practice, data warehouse modelling is either undertaken 
through normalised (Chen, 1976) or dimensional modelling (Kimball & Ross, 1996). Normalised 
models, well known in their use in database systems, remove redundancy from data structures to 
enhance maintainability of data entities. Dimensional models have two types of entities, facts and 
dimensions, whereby fact tables record measures that can be analysed through the different 
dimensions recorded in the dimension tables. 
For an asset management data warehouse, the schema design approach is dependent upon the 
analytical requirements. Dimensional modelling excels when users need to perform drill-down/roll-up 
Figure 1: An enterprise data warehouse 
operations on data. It is efficient and intuitive when examining huge amounts data that can possibly be 
aggregated. However for more computerised analysis techniques, such as fault diagnosis/prognosis of 
condition data or trending of operational parameters, normalised models provide the most efficient 
representation as data cannot be aggregated. A hybrid solution of both normalised and dimensional 
models would provide the most optimal model as the design is matched to needs (Shanks & 
O'Donnell, 1997). 
There are several modelling methodologies presented by researchers to formalise the design of the 
data warehouse schema: 
• user oriented design (Poe, Klauer & Brobst, 1997) which is based on structured interviews and 
surveys, 
• operational oriented design (Golfarelli, Maio & Rizzi, 1998) which is more formalised and is 
based on examining the data models of underlying operational information systems, 
• business process oriented design (Böhnlein & vom Ende, 2000) which uses structured 
documentation of company processes to identify data warehouse components, 
• case-based oriented design (Mathew, Ma & Narasimhan, 2006) which uses existing data 
warehouse schema cases to derive designs for the current application. 
In practice, most data warehouse development is conducted through a combination of the first two 
approaches. While the third approach looks the best in theory, most firms do not have comprehensive 
business process documentation to warrant such a design process. Undertaking enterprise business 
process modelling is costly and may result in reducing low or negative net present value if it is only 
used for a sole data warehouse project. 
Having an enterprise data warehouse means that naming, data formats, constraints and other types of 
metadata must be consistent. There are several purported standards in the area of asset management 
standards, such as those by MIMOSA (Johnston, 2004), OPC (OPC Task Force, 1998) and ISO 15926, 
which describe data models which provide guidance in their respective areas on naming, data types 
and constraints. These considerations need to be weighed against the metadata of current operational 
systems to ensure compatibility. 
The design of the schemas should be based on the asset management decisions that the business 
undertakes. Figure 2 shows several asset management facts that may be considered in developing a 
data model. Not all are numeric or are able to be aggregated – a typical prerequisite in dimensional 
modelling. 
Figure 2: A taxonomy of asset management facts 
To maximise the use of condition and operational performance data for learning-based analysis 
systems, data should be partitioned according to asset status, with start-up, online, shut down and fault 
states being distinguished. Such information can often be extracted from event logs in PLC or SCADA 
systems. 
3.5. Implementation and testing 
It is crucial to select a team with expertise and experience when dealing with data warehouse 
construction. Finding the right hardware and software vendor is also important for warehouse success. 
There are over 30 companies in the data warehousing market, and each provides different solutions 
that cater to different requirements. The vendor market is divided into three broad categories: 
technology vendors (e.g. NCR and Oracle), infrastructure vendors (e.g. SAS and Informatica), and 
information modelling vendors (e.g. SAP and Corporate Information Designs). Each target different 
market segments by offering different services, such as integrated hardware and software solutions, 
OLAP and ETL tools, database management software, and support. Despite training, many data 
warehouse users require systems that ease ad hoc query formulation, and query creation is more 
important than query performance (Nadkarni & Brandt, 1998). Presentation of results is equally 
important, and data warehouse systems are now being integrated with GISs to display information 
geographically (Kouba & Matousek, 2000). 
Using a spiral model of development can demonstrate initial subsystem successes which can be used 
to garner support for further development. Identifying higher payoff (both tangible and intangible 
benefits) subsystems, such as those in the financial, operation, condition, and work management areas, 
will provide intermediate goals that can demonstrate the benefits of an asset management data 
warehousing project. An incremental approach also spreads the financial budget across multiple 
budgetary periods. 
Metadata is a term used within the data warehouse community to encompass “data about data”. 
Kimball (1998) provides a comprehensive list of types of metadata, dividing it into the categories of 
“back-room” and “front-room”. While front-room metadata guides query tools and report writers, 
back-room metadata support the ETL process. Typically, one third of the costs and up to 80% of the 
development time go into the creation of ETL processes (Vassiliadis, Simitsis & Skiadopoulos, 2002). 
Particularly with the large amount of condition monitoring and SCADA systems in a water utility 
company, ETL development can become a resource intensive task. Prioritising different asset 
management systems, ensuring documented specifications exist for each system, and understanding 
the exact requirements ensures minimal development time. ETL automation issues can arise with 
systems that store data in proprietary formats rather than a DBMS. This is often the case with legacy 
asset management systems where efficiency was intended. In such cases, vendor support would be 
required to either modify existing operational systems or to acquire data format specifications for 
direct extraction. 
3.6. Maintenance 
One advantage of data warehouse systems is that conducting analysis does not interfere with the 
operations of the underlying information systems. Examining yesterday’s operational patterns of a 
pump system will not interrupt the associated SCADA system that is currently storing today’s 
information. This convenience comes at a cost, and that is maintenance of data in the warehouse. 
Policies on the data refresh frequency need to be written that address the pertinent issues for water 
utility asset management data warehousing such as remote pump stations with slow network 
connections, the size of SCADA data and methodologies to condense the data, and time consuming 
feature extraction from condition monitoring signals. Staff education and availability is also an 
important consideration – particularly when ETL processes cannot be fully automated because of 
legacy systems. Regional staff will require training on supporting local data marts. 
The data in the warehouse is intended for long term storage, and the data warehouse will typically 
become the fundamental data infrastructure for other information technology ventures in a firm. Data 
quality becomes a significant issue, particularly for data extracted from maintenance management 
systems. These systems are often plagued with ambiguous, missing, and incorrect values. A 
transformation system that is able to conduct data screening, cleansing, compiling, and grouping 
should be installed during ETL. 
Asset monitoring systems, such as SCADA and condition monitoring systems, typically generate huge 
amounts data as sampling frequencies are very high. Monitoring the performance characteristics of an 
asset every 10 seconds will produce 8 640 records each day, amounting to 3 153 600 in one year. To 
match the analytical pattern of examining recent data in full detail, a summarisation scheme should be 
developed that will store more current data in full detail, but will summarise data recorded before this 
period. For example, only the last four months of data will be stored at a 10 second granularity, while 
data prior to four months will be averaged to minute-grained readings. Summarisation for condition 
monitoring information can be conducted through feature extraction from signals (Zhang, Ma & 
Mathew, 2005). As most diagnosis and prognosis algorithms require indicators rather than the raw 
data itself, these pre-calculations are done during ETL. 
4. Applications 
The applications of an asset management data warehouse are in many ways limited only by the 
imagination of its users. Several of the advantages of data warehouses are listed below with associated 
examples. 
Data from multiple sources, including externally located data, are integrated and centralised allowing 
for unique data combinations. 
For example, condition parameters of high-voltage equipment can be analysed in conjunction with 
environmental factors such as temperature and humidity; industry benchmark data for pump efficiency 
can be easily compared against operational parameters of a pump; and costs can be matched to failure 
predictions to assist with risk analysis. Integration also allows for the possibility of data mining to 
determine hidden patterns and relationships in the data. 
The use of multidimensional modelling and OLAP tools allow management to conduct ad hoc queries. 
This differs from standard reporting services which deliver preset views of the data. Users can drill 
up, down, and across the data through different levels of summarisation, such as daily, quarterly, or 
biennially. 
For example, data warehouse users can query the average time spent on maintenance work orders for 
the last six months; the pump station that has exhibited the best efficiency characteristics over the last 
month; and a listing of the motors that have produced the greatest run time with the fewest amount of 
failures. 
Data warehouses are intended to serve as an archive for historical enterprise data. 
OLTP systems such as SCADA and condition monitoring systems collect voluminous amounts of data 
and are often purged to keep operations efficient. Data warehousing allows for summarisation and 
storage of data such that long term trends can be viewed. These include trends of dam levels, the 
differences between work requests and completions, and asset maintenance costs. 
Data warehouse information can be combined with geographic information from GIS to provide 
clearer information representation. 
Spatial data warehousing has become popular with the use of spatial data collection tools (Park & 
Hwang, 2005). Geographic knowledge discovery is viable and data exploration on a map may be more 
intuitive to users. Data such as maintenance expenditure or time can be viewed against a topographical 
map to determine regions with high maintenance. Plotting ratios of environmental data such as rainfall 
measures versus water distribution may also help in optimising asset scheduling. 
5. Future Work 
An asset management data warehouse implementation is currently being considered at a local water 
utility company in Australia. Data warehouse schemas have been developed for the different asset 
management areas. An incremental approach has been taken with a section of the normalised design 
being translated to physical models. Currently, the warehouse stores condition monitoring information 
and SCADA information, both linked together through asset registry data. The data warehouse heavily 
borrows from the MIMOSA OSA-EAI (MIMOSA, 2004) and uses the specification’s reference data. 
Further work will see the modification of fault diagnosis and prognosis analysis modules to use the 
warehouse, and the development of new analysis techniques to capture the advantage of integrating 
multiple data sources. The multidimensional models will be implemented and OLAP tools will be 
used to test the efficacy of browsing asset management data. 
6. Conclusion 
A situation of harsh environmental conditions, increasing costs constraints, and consumer demands 
has forced water utility firms to examine all possible avenues to increase asset efficiency, reduce costs, 
and drive for higher revenues and profits. Data warehousing is one potential path that allows 
management to utilise enterprise data more effectively. Asset management information has typically 
been underused in data warehousing scenarios, with only a subset of data being used. This paper has 
shown a data warehouse model that can leverage water utility asset management information for 
decision support. 
References 
Acuma (2004). Asset management data quality. Accessed: 17/6/2005. 
http://www.acuma.co.uk/clients/energy_utilities/asset_management_data_quality.html
Applied Data Resource Management (2004). Water Utility Data Environment. Accessed: 17/6/2005. 
http://www.adrm.com/5_waterutility.htm
Association of Metropolitan Water Agencies (2001). Metropolitan water utilities recognized for 
competitiveness. Accessed: 17/6/2005. 
http://www.amwa.net/features/awards/march_2002_goldwinners.html#ColumbusGa
Basili, V. R., Caldiera, G. & Rombach, H. D. (1994). Goal Question Metric paradigm. Encyclopedia 
of Software Engineering, 1, 528-532. 
Böhnlein, M. & vom Ende, A. U. (2000). Developing data warehouse structures from business process 
models. Bamberger Beiträge zur Wirtschaftsinformatik(57). 
Bonifati, A., Cattaneo, F., Ceri, S., Fuggetta, A. & Paraboschi, S. (2001). Designing data marts for 
data warehouses. ACM Transactions on Software Engineering Methodology, 10(4), 452-483. 
British Standards (2003). PAS 55-1: Asset management. Specification for the optimised management 
of physical infrastructure assets. 
Calvanese, D., Dragone, L., Nardi, D., Rosati, R. & Trisolini, S. M. (2005). Enterprise modeling and 
data warehousing in Telecom Italia. Information Systems, 31(1), 1-32. 
Chen, P. P. S. (1976). The entity relationship model - toward a unified view of data. ACM 
Transactions on Database Systems, 1(1), 9-36. 
Cognos (2003). Denver Water. Accessed: 17/6/2005. 
http://www.cognos.com/company/success/denver_water.pdf
Dong, X., Liu, Y., LoPinto, F. A., Scheibe, K. P. & Sheetz, S. D. (2002). Information model for power 
equipment diagnosis and maintenance. In: IEEE Power Engineering Society Winter Meeting (pp. 701-
706). 
Golfarelli, M., Maio, D. & Rizzi, S. (1998). Conceptual design of data warehouses from E/R schemes. 
In: Hawaii International Conference On System Sciences (pp. 334-343). Kohala Coast, Hawaii, USA. 
Golfarelli, M., Maio, D. & Rizzi, S. (1998). The dimension fact model: A conceptual model for data 
warehouses. International Journal of Cooperative Information Systems, 7(2-3), 215-247. 
Golfarelli, M. & Rizzi, S. (1998). A methodological framework for data warehouse design. In: ACM 
International Workshop on Data Warehousing and OLAP (pp. 3-9). Washington, D.C., USA. 
Hyperion Solutions (2001). Thames Water copes with massive changes to financial reporting 
processes. Accessed: 17/6/2005. http://www.hyperion.com/downloads/thames.pdf
Hyperion Solutions (2003). Yorkshire Water. Accessed: 17/6/2005. 
http://www.hyperion.com/downloads/uk/yorkshirewater.pdf
Informatica (2005). Thames Water helps maintain safe water supply for London area with Informatica 
data integration. Accessed: 17/6/2005. 
http://www.informatica.com/news/press_releases/2005/05102005a_thames.htm
Johnston, A. (2004). MIMOSA and OpenO&M Executive overview. Tuscaloosa, Alabama, USA: 
MIMOSA. 
Keeney, L. M. & Rhoads, R. (2004). Embedded diagnostics and prognostics synchronization for army 
transformation. In: IEEE Aerospace Conference (pp. 3733-3741). Big Sky, Montana, USA. 
Kimball, R. (1998). Data warehouse architect. DBMS Magazine, 11(3). 
Kimball, R. (1999). The Matrix. Intelligent Enterprise, 2(17). 
Kimball, R., Reeves, L., Ross, M. & Thornthwaite, W. (1998). The data warehouse lifecycle toolkit: 
expert methods for designing, developing, and deploying data warehouses. New York City, New 
York, USA: John Wiley and Sons. 
Kimball, R. & Ross, M. (1996). The data warehouse toolkit. New York, NY, USA: John Wiley & 
Sons, Inc. 
Kouba, Z. & Matousek, K. (2000). On data warehouse and GIS integration. In: Database and Expert 
Systems Applications (pp. 604-614). London, United Kingdom: Springer-Verlag GmbH. 
Mathew, A., Ma, L. & Narasimhan, L. (2006). Case-based reasoning for data warehouse schema 
design. In: International Conference on Computers and Industrial Engineering. Taipei, Taiwan. 
MIMOSA (2004). OSA-EAI Version 3.0e Production. Accessed: 17/6/2005. 
http://www.mimosa.org/osaeai30.htm
MWH (2004). Analyzing customer data effectively. Accessed: 17/6/2005. 
http://www.mwhglobal.com/case_deeValley.asp
Nadkarni, P. M. & Brandt, C. (1998). Data extraction and ad hoc query of an entity-attribute-value 
database. Journal of the American Medical Informatics Association, 5(6), 511-527. 
OPC Task Force (1998). OPC overview. Scottsdale, Arizona, USA: OPC. 
Oracle Corporation (2005). Yarra Valley Water standardises on Oracle for long-term cost visibility. 
Accessed: 17/6/2005. http://www.oracle.com/global/au/press_releases/Yarra_release.html
Ostling, J. & Cintron-Allen, R. (2001). Steps to successful data warehousing for 
telehealth/telemedicine. In: Symposium on Applications and the Internet Workshops (pp. 115-119). 
San Diego, California, USA. 
Park, J. M. & Hwang, C. S. (2005). A design and practical use of spatial data warehouse. In: IEEE 
International Geoscience and Remote Sensing Symposium (pp. 726-729). Seoul, Korea. 
Pedersen, T. B. & Jensen, C. S. (1999). Multidimensional data modeling for complex data. In: 
International Conference on Data Engineering (pp. 336-345). Sydney, New South Wales, Australia. 
Poe, V., Klauer, P. & Brobst, S. (1997). Building a data warehouse for decision support. Upper Saddle 
River, New Jersey, USA: Prentice Hall PTR. 
Pudney, S. (2005). Asset management decisions literature review and analysis. In: International 
Conference of Maintenance Societies. Hobart, Australia. 
Shanks, G. & O'Donnell, P. A. (1997). Designing a data warehouse: Combining entity relationship and 
dimensional modelling. Melbourne, Victoria, Australia: Monash University. 
Shi, D., Lee, Y., Duan, X. & Wu, Q. H. (2001). Power system data warehouses. IEEE Computer 
Applications in Power, 14(3), 49-55. 
Trujillo, J. & Palomar, M. (1998). An object oriented approach to multidimensional database 
conceptual modeling. In: ACM International Workshop on Data Warehousing and OLAP. 
Washington, D.C., USA. 
Tryfona, N., Busborg, F. & Christiansen, J. G. B. (1999). starER: A conceptual model for data 
warehouse design. In: ACM International Workshop on Data Warehousing and OLAP. Kansas City, 
Missouri, USA. 
Vassiliadis, P., Simitsis, A. & Skiadopoulos, S. (2002). Conceptual modeling for ETL processes. In: 
ACM International Workshop on Data Warehousing and OLAP (pp. 14-21). McLean, Virginia, USA. 
Werner, M. & Hermansson, U. (2002). Integrated utility data warehousing-a prerequisite to keep up 
with competition on electricity markets. In: International Conference on Power System Management 
and Control (pp. 130-135). London, UK. 
Zhang, S., Ma, L. & Mathew, J. (2005). Vibration feature analysis for rolling element bearing 
diagnosis using Bayesian neural networks. In: Asia Pacific Vibration Conference (pp. 373-378). 
Langkawi, Malaysia. 
